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Abstract 
A novel methodology is proposed for soil moisture content (SMC) estimation using the feature level fusion of Senti-
nel-1 and Landsat-8 satellite datasets. This fusion consists of concatenating Temperature Vegetation Dryness Index 
(TVDI) to the feature vector (radar and physical features) of the inversion of the Integral Equation Model (IEM) 
through Artificial Neural Networks (ANN) to reduce vegetation effects on Sentinel-1 estimation. This methodology 
is applied on Blackwell farms, Guildford, United Kingdom, where ground truth and satellite data were collected dur-
ing 2017. The preliminary SMC estimation results show lower RMSE errors (by 0.474%) and less bias than the IEM 
inversion method.
1 Introduction 
Soil moisture content (SMC) has a large impact on agri-
cultural practices like water needs estimation, agricul-
tural drought assessment and irrigation scheduling [1]-
[3]. The use of handheld or in-situ sensors to detect soil 
moisture can be a hard and a time consuming task. In-
situ measurements of SMC are limited to discrete meas-
urements at specific locations and, given their point-
based nature, the spatial distribution and the variability 
of soil moisture is not properly represented [4]. These 
in-situ sensors exhibit significant advantage in terms of 
accuracy, their use can be considered inconvenient if the 
goal is to obtain a continuous spatial and temporal cov-
erage of soil moisture at medium to large scale agricul-
ture [5]. Synthetic Aperture Radars (SAR) are quite 
popular as a solution to the limitations of in-situ sensors 
due to their large potential for SMC retrieval at the re-
gional scales [6]. However, the backscattered signal is 
influenced by numerous factors, namely, surface charac-
teristics (such as surface roughness, dielectric features of 
the soil and soil moisture content levels), and radar 
characteristics (such as the working frequency, inci-
dence angle and polarisation). The dielectric features of 
the soil are often referred to as dielectric constant (εs). It 
is important to highlight that εs is strongly dependent on 
the mineralogical composition of the soil as well as the 
SAR frequency and soil moisture content presence [7]. 
Authors in [8] have determined using a regression anal-
ysis that this dependence is of polynomial nature. Indi-
vidual polynomial expressions were generated for εs as 
function of soil moisture content (mv) for each frequen-
cy and soil type as expressed by the general form of 
Equation 1 [8] : 
𝜀𝑠 =  (𝑎0 + 𝑎1𝑆 + 𝑎2𝐶)
+ (𝑏0 +  𝑏1𝑆 + 𝑏2𝐶)𝑚𝑣
+ (𝑐0 + 𝑐1𝑆 + 𝑐2𝐶)𝑚𝑣
2 
(1) 
Where S and C are sand and clay textural components 
of the soil in percentage, and a0 to c2 are the correspond-
ing coefficients of the polynomial expression depending 
on the frequency.  
The soil moisture estimation model used for this study 
is the single scattering Integral Equation Model (IEM), 
a theoretical model widely used to infer soil moisture 
and surface roughness parameters [9]. The IEM is ap-
plicable to a wide range of different roughness values. 
The following expressions represent the backscatter co-
efficient of the surface contribution [10] : 
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Where pp is the polarisation state. θi is the incident an-
gle. kz= kcosθi, kx= kcosθi where k is the wave number, 
s is the root mean square (RMS) of the surface height. 
𝑅ℎ and 𝑅𝑣 are the horizontally and vertically polarized 
Fresnel reflection coefficients respectively. 𝜀𝑠 and 𝜇𝑟 
are the relative permittivity and permeability of the sur-
face. 𝑊𝑛 is the Fourier transform of the nth power of 
the surface correlation function. 𝜌(𝑥, 𝑦) is the surface 
correlation function whose distribution is exponential 
(Equation 9) for low surface roughness and Gaussian 
(Equation 10) for high surface roughness [11], as ex-
pressed in the following equations: 
 
𝜌(𝑥, 𝑦) = 𝑒−
|𝑥|+|𝑦|
𝑙  
(9) 
 
𝜌(𝑥, 𝑦) = 𝑒
−
𝑥2+𝑦2
𝑙2  
(10) 
Where l is the correlation length. 
SMC estimation using IEM inversion has its shortcom-
ings, especially in the case of medium to intense vegeta-
tion covers. Authors in [12] found that the IEM model 
tends to underestimate the radar response in the C band 
and that the model is best reliable in when Normalized 
Difference Vegetation Index (NDVI) ≤ 0.2. That is why 
this study is focusing on finding a solution to this prob-
lem. The proposed solution is explained in details in the 
methodology section.  
2  Methods 
This study proposes the consideration of thermal and 
multispectral synergetic feature in the form of the Tem-
perature Vegetation Dryness Index (TVDI) [13] as an 
additional feature to the IEM inversion features vector 
as input to the ANN to ameliorate SMC estimation of 
IEM inversion under the presence of vegetation covers. 
2.1 Temperature Vegetation Dryness 
Index 
Land Surface Temperature (LST) and NDVI measure-
ments of heterogonous areas can be represented by a 
two-dimensional scatter plot which could be a triangu-
lar/trapezoidal feature space. This relationship has been 
the subject of many investigations in literature [13], 
[14]. According to those authors, changes in SMC levels 
(which can be described within the LST/NDVI triangle) 
are plotted as a function of surface temperature and frac-
tional vegetation cover (derived from the calculation of 
NDVI). Fractional vegetation cover has an effect on the 
amount of bare soil and vegetation observable by the 
sensors in question, the difference in radiative tempera-
tures between soil and vegetation canopy will affect the 
spatially integrated LST. Evapotranspiration is another 
factor influencing surface temperature through the ener-
gy balance of the surface, the available energy for sensi-
ble heating of the surface increases whenever there is a 
decrease in evapotranspiration due to stomatal re-
sistance to transpiration which is controlled by soil 
moisture availability. Consequently, the combination of 
fractional vegetation cover and surface temperature al-
lows the estimation of SMC from bare soil to full vege-
tated covers. This study uses the Temperature Vegeta-
tion Dryness Index (TVDI) to obtain information on 
surface SMC via the LST/NDVI triangular space as de-
picted in Figure 1:  
Figure 1: Definition of the TVDI. Adapted from [13]. 
LSTmax is the maximum surface temperature observation 
for a given NDVI. ‘a’ and ‘b’ are respectively the inter-
cept and the slope of the linear dry edge. TVDI is ex-
pressed by the following expression:  
 
𝑇𝑉𝐷𝐼 =
𝐿𝑆𝑇 − 𝐿𝑆𝑇𝑚𝑖𝑛
𝑎 + 𝑏𝑁𝐷𝑉𝐼 −  𝐿𝑆𝑇𝑚𝑖𝑛
 (11) 
Where LST is the observed surface temperature (K) at a 
given pixel, LSTmin is the minimum temperature in the 
triangle (this value also defines the wet edge), a + 
b*NDVI represents LSTmax. TVDI values ranges from 0 
to 1, where 1 indicates low levels of SMC, and 0 indi-
cates maximum evapotranspiration and water access 
which signify high SMC levels. In [13], authors com-
pared TVDI values to simulated soil moisture levels 
from distributed hydrological model based on the MIKE 
SHE code, finding that SMC and TVDI have a relation-
ship that could be represented by a linear function 
(SMC= xTVDI+y). Therefore, TVDI is considered a 
valid indicator of SMC levels, which justify its use in 
this study as an additional feature in the feature level 
data fusion. 
2.2 Inversion of IEM using Artificial Neu-
ral Networks (ANN) 
Given the mathematical complexity of the IEM, it is ex-
tremely difficult to invert IEM to calculate SMC. That is 
the reason why an Artificial Neural Network known as a 
multi-layer perceptron (MLP) is used for the inversion 
[11]. MLP is a system inspired by human neurons, it 
consists of artificial neurons in the form of units con-
nected to each other by weights. The structure of an 
ANN has 3 layers: input layer, hidden layer and an out-
put layer [15]. The MLP implemented here consists of 
an input vector composed of the RMS height (s) and 
correlation length (l) of the soil, backscattering coeffi-
cient 𝜎 o (in VV polarisation) and the incident angle θi. 
The MLP also consists of one or more hidden layers, 
and an output vector containing the measured SMC val-
ues. 
2.3 Feature level data fusion through Arti-
ficial Neural Networks 
In general, in the feature level fusion (in which ANN are 
widely adopted [15]), salient features are extracted from 
each sensor in question and then concatenated to create 
what is called joint feature vector [16]. Let X = {x1, x2 
...xm} and Y = {y1, y2…yn} denote feature vectors (X ∈ 
Rm and Y ∈ Rn) representing information obtained via 
the two different sources. Vectors X and Y are merged 
to generate a new feature vector Z for better represen-
tation and potentially better estimation of the ob-
served phenomena [17].  
The first features vector is the input vector of the IEM 
inversion through Artificial Neural Networks. The sec-
ond feature vector is composed solely by the TVDI val-
ues. Both feature vectors are merged into a joint feature 
vector that would be the input to ANN. The training of 
the network is extremely important. The training phase 
links the joint feature vector (s, l, θi, 𝜎 o, TVDI) to the 
volumetric soil moisture 𝑚 v. The training set (s, l, θi, 
𝜎 o, TVDI, 𝑚 v) is used as input of the neural network 
where the first 5 parameters of each set are used to cal-
culate the last one 𝑚 v. The used ANN has one hidden 
layer (composed of 10 nodes) and the training method is 
the reliably effective Levenberg-Marqurdt method [18]. 
At the beginning, the weights are chosen randomly and 
the method keeps updating the weights with the goal of 
minimizing the mean square error [19]. Of the 110 data 
samples available, 80% were used for training, 10% for 
validation and 10% for testing. After the training is 
complete, The ANN produces an SMC estimation. The 
size of the hidden layer and the training samples divi-
sion were determined after numerous experimentations 
and this particular configuration seems to yield the best 
results in terms of accuracy. Figure 2 represents a 
flowchart of the feature level data fusion scheme: 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 2: Feature level data fusion scheme. 
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Where the earth observation thermal infrared, multi-
spectral (MS) and SAR images are explained in details 
in the datasets section. 
3 Datasets 
The study area is one of the agricultural fields of 
Blackwell farms (roughly 1.4 km2 in size) which is 
located in Guildford, the county town of Surrey in South 
East England with coordinates (lat:51.2372, lon:-
0.6260). The size of the field in use is (295 m x 308 m) 
with minimal vegetation cover (NDVI ≥0.26). 
Earth observation datasets used in this study are from 
the Sentinel-1 and Landsat-8satellites. Sentinel-1 is a 
constellation of two satellite (Sentinel-1A and Sentinel-
1B) with C-SAR sensors on-board (5.405 GHz frequen-
cy). In this methodology, a Ground Range Detected 
(GRD) product was used with the acquisition mode be-
ing the Interferometric Wide Swath (IWS) with VV po-
larisation, its parameters summarized by Table 1: 
Incidence  
angle 
Spatial  
resolution 
(range, azimuth) 
Swath 
width 
Acquisition 
date 
30.09°- 46.09° 20.4 m x 22.5 m 250 km 17/11/2017 
Table 1:  Acquisition parameters of Sentinel-1 dataset 
used in this methodology. 
Table 2 summarises different Landsat-8 specifications: 
Band 
number 
Wave-
length 
(µm) 
Spatial 
resolu-
tion 
(m) 
Swath 
(km) 
Acquisition 
date 
B1- Ultra Blue 
0.43-
0.451 
30   
B2- Blue 
0.452-
0.51 
30   
B3- Green 0.53-0.59 30   
B4- Red 0.63-0.67 30   
B5- Near infra-
red 
0.85-0.87 30   
B6-Shortwave 
Infrared (SWIR) 
1 
1.56-1.65 30 183 17/11/2017 
B7-Shortwave 
Infrared (SWIR) 
2 
2.56-2.29    
B8 - Panchro-
matic 
0.50-0.67 15   
B9 - Cirrus 1.36-1.38 30   
B10- Thermal 
infrared (TIRS) 1 
10.60-
11.19 
100   
B11- Thermal 
infrared (TIRS) 2 
11.50-
12.51 
100   
Table 2:  Technical specifications of Landsat-8. 
After the necessary radiometric calibration and Multi-
looking, Sentinel-1 images are resampled to 30 m to 
match the Landsat-8 multispectral (30 m) and thermal 
images (100 m) with the latter being resampled to 30 m 
as well. This process is done only after the multispectral 
and thermal images have been transformed from Digital 
Numbers (DN) to reflectance and brightness tempera-
ture respectively. Ground truth data for this study are 
SMC levels and surface height (necessary for soil sur-
face roughness). SMC values are measured using the 
ML3 Theta Probe Soil Moisture Sensor at the depth of 5 
cm of soil surface. For each pixel of the earth observa-
tion images, 4 SMC measurements were collected at the 
corners of that pixel. The measurements were then aver-
aged to represent the spatial variability of SMC values 
in that resolution cell. In the end, 110 SMC measure-
ments were collected with a mean of 40.0774% and 
standard deviation of 2.0773% with maximum and min-
imum measured SMC being 44.9% and 34.9% respec-
tively. 
Two soil surface roughness measurements were collect-
ed using a mechanical profilometer (built by technicians 
from the University of Surrey). It contains 89 needles 1 
cm apart from each other, which were inserted into a 
structure. The needles height in the main structure is 
regulated to represent the level of the soil surface in 
each point. Once this has been done for each needle, the 
profilometer is laid down on an A0 paper where a curve 
of points representing the soil profile can be drawn, this 
allows the calculations of RMS height and the correla-
tion length.  
It is important to state that the Sentinel-1 and Landsat-8 
data as well as the ground truth data were taken concur-
rently on the 17/11/2017 with minimum temporal gap 
(roughly 5 hours). 
4 Experimental results  
The performance of this methodology is evaluated and 
compared to IEM inversion (through ANN) using the 
Root Mean Square Error (RMSE) and Bias which can 
be described by Mean Bias Error (MBE) as expressed 
by the following experessions [20]: 
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(13) 
where N is the number of data samples, Pi are the SMC 
values predicted from the IEM inversion and the feature 
level data fusion, Oi are the observed SMC values 
measured by the ML3 Theta Probe . 
Table 3, figure 3, figure 4, and figure 5 display the 
results of SMC estimation using TVDI, IEM inversion 
and feature level data fusion (the addition of TVDI 
feature): 
Methodology RMSE MBE 
SMC estimation using TVDI  1.892 0.074 
SMC estimation using IEM inversion 1.565 -0.136 
SMC estimation using feature level fusion 1.091 -0.188 
Table 3:  Comparison between the results of SMC es-
timation using TVDI, IEM inversion and feature level 
data fusion. 
 
 
 
 
 
 
Figure 3: SMC estimation using TVDI. 
 
 
 
 
 
 
Figure 4: SMC estimation using IEM inversion. 
 
 
 
 
 
 
 
 
 
 
 
Figure 5: SMC estimation using feature level data fu-
sion. 
The obtained results of SMC estimation using IEM in-
version show an underestimation of SMC values which 
is expected since the agricultural field has a small inten-
sity vegetation cover. The latter is clearly elucidated by 
the fact that all the corresponding multispectral pixels 
representing the field have an NDVI equal to or greater 
than 0.26 from our analysis. 
 On the other hand, SMC estimations based on the 
TVDI tend to overestimate SMC values (0.074%), 
which could be caused by the mixed spectral pixel in-
formation due to 30 m spatial resolution, which can be 
problematic due the spatial variability of SMC. What is 
also quite apparent is that the estimation using the fea-
ture level fusion produces fewer errors than its IEM and 
TVDI counterparts (1.091%, 1.565%, and 1.892% re-
spectively). These results can be explained by the fact 
that using Sentinel-1 C-band is not ideal for SMC esti-
mations (L-band seems to perform better [12]). These 
results can also be justified by the fact that IEM model 
has no parameter that takes into consideration vegeta-
tion cover. However, further analysis of different da-
tasets with a variety of weather conditions and vegeta-
tion cover intensities is necessary to ensure the robust-
ness of this methodology to different constraints. 
5 Conclusion 
This study has explored, developed asnd tested a new 
concept of a feature level fusion for soil moisture 
content estimation using Sentinel-1 and Landsat-8 
satellite imageries. It shows that the addition of the 
feature TDVI  to the input feature vector of IEM 
inversion shows major improvements on the overall 
accuracy of the estimation in terms of RMSE. However, 
this methodology tends to understimate the SMC 
values. In future works, the use of multiple datasets with 
diffrent vegetation cover intensities, diffrent soil 
composition as well as diffrent weather conditions, is an 
absolute necessity to ensure that the accuracy of this 
estimation is properly evaluated. 
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